Abstract: An influential underlying driver of human-induced landscape change is civil war and other forms of conflict that cause human displacement. Internally displaced persons (IDPs) increase environmental pressures at their destination locations while reducing them at their origins. This increased pressure presents an environment for increased land cover change (LCC) rates and landscape fragmentation. To test whether this hypothesis is correct, this research sought to understand LCC dynamics in the Western Area of Sierra Leone from 1976 to 2011, a period including pre-conflict, conflict, and post-conflict eras, using Landsat and SPOT satellite imagery. A trajectory analysis of classified images compared LCC trajectories before and during the war with after the war (2003)(2004)(2005)(2006)(2007)(2008)(2009)(2010)(2011). Over the 35-year period, the built-up land class rapidly increased, in parallel with an increase in urban and peri-urban agriculture. During the war, urban and peri-urban agriculture became a major livelihood activity for displaced rural residents to make the region food self-sufficient, especially when the war destabilised food production activities. The reluctance of IDPs to return to their rural homes after the war caused an increased demand for land driven by housing needs. Meanwhile, protected forest and other forest declined. A significant finding to emerge from this research is that landscape fragmentation increased in conjunction with declining forest cover while built-up areas aggregated. This has important implications for the region's flora, fauna, and human populations given that other research has shown that landscape fragmentation affects the landscape's ability to provide important ecosystem services.
Introduction
Civil war and other forms of conflict that cause human displacement (hereinafter, conflict) are influential underlying drivers of human-induced landscape change [1] [2] [3] . Empirical geospatial research examining environmental impacts of human displacement resulting from conflict, especially when such displacement occurs within rather than across national boundaries, has increasingly identified significant environmental change in those environments. Several authors [4] [5] [6] [7] have empirically demonstrated that internally displaced persons (IDP) crises are contributing to habitat and biodiversity loss, environmental degradation, and hydrological imbalances in areas where IDPs have relocated. These negative environmental consequences compromise the environment's potential to provide ecosystem services for the IDPs as well as to those who inhabited the area prior to
Land Cover Change Assessment
A commonly used technique for LCC assessment is the bi-temporal change detection technique [30, 31] . The bi-temporal approach characterises landscape change by calculating the annual rate of change between two periods. When more than two periods are of interest, researchers employ trajectory techniques to reconstruct the pathway of historical LCCs using a series of satellite images [31] [32] [33] . Trajectory approaches can identify LCCs by type, magnitude, and the potential threats to various land cover classes in each landscape [34] . Given that neither bi-temporal nor trajectory analyses provide data about landscape configuration, when investigating the scale and magnitude of landscape change and its ecological impacts, fragmentation analysis may be helpful [35] .
Land Cover Change Trajectory
A LCC trajectory is the temporal transition and sequence of land cover classes for a given location for more than two temporal observations [31, 33] . For demonstration purposes, a trajectory of forest→agriculture→urban is a sequence in which a forested landscape became an agricultural field and then later became an urban area. Transition processes and sequences of change can be reconstructed using historical remotely sensed images; an advantage that traditional in situ observation does not offer [36] . This advantage, coupled with the difficulty in accessing conflict-affected areas to undertake in situ assessment of the landscape during a conflict, and post-war challenges in conducting fieldwork (e.g., financial and human resources), makes remote sensing appropriate for reconstructing historical land cover patterns.
Landscape Fragmentation
Landscape fragmentation, a key focus of landscape ecology, is the disaggregation of continuous habitat into smaller, isolated patches. The degree of fragmentation has relationships with patch size and number, shape, connectivity, and index features [37] [38] [39] . Drivers of landscape fragmentation can include both natural and anthropogenic forces, including civil war and other forms of conflict, landslides, and fire [3, 40, 41] . The resulting, small, isolated patches decrease both the aesthetic value and habitat quality of a landscape, which may lead to biodiversity loss and the establishment of invasive species in the landscape [42, 43] . Despite these negative impacts of fragmentation, one positive impact is biomass production. Mitchell et al. [22] state that the effects of changing landscape structure or heterogeneity are also likely to be scale-dependent.
Landscape fragmentation research is typically operationalised through the use of fragmentation metrics at three scales: patch, class, and landscape [39] . A patch is a homogenous area of habitat and a class is a collection of patches of the same type. A collection of classes makes up the landscape. Several studies have explored fragmentation at these scales [22, 39, [44] [45] [46] . Exploring the relationship between LULCC, the drivers of change, and the ecological implications of such changes, Kabba and Li [45] concluded that fragmentation at the class and landscape scales in Wuhan, China was greatest in 1987-1994 but weakened in 1994-2005, leading first to species loss in the fragmented areas followed by a return of species as fragmented habitat areas re-aggregated. Analysis of fragmentation metrics (class and landscape scale) in the Weigou River Basin on the Chinese Loess Plateau showed increases in landscape heterogeneity and decreases in agricultural patch dominance [46] . Research by Fava et al. [47] demonstrated that ecological processes interact with patterns of LCC and fragmentation, and thereby have implications for the success of restoration initiatives in forested areas. For example, recruitment can affect whether a given strategy, such as passive management, leads to decreases in fragmentation and increases in patch connectivity. These studies are useful in demonstrating how Remote Sens. 2018, 10, 129 4 of 25 fragmentation metrics can provide additional information about landscape change, information that is otherwise lacking when typical bi-temporal and trajectory analyses are conducted.
Our research analysed fragmentation at the class and landscape scales to provide an understanding of the intensity of landscape disturbance throughout the study period. This additional information can support a shift from responsive planning to intentional environmental design, especially in and near densely populated urban environments. Such data can be very useful in identifying areas that are at risk of change and therefore provide the basis, for example, in the case of fragmenting urban agriculture patches, for livelihood loss mitigation activities and action plans.
Research Site
On Sierra Leone's west coast, the WA (557 km 2 ) is home to Freetown, the country's capital and largest city (Figure 1 ). Its climate is tropical with two seasons: the wet season from May-October, characterised by monsoonal rains and thunderstorms, followed by the dry season from November-April, with extreme temperatures in March [48] . The forest covering the Freetown Peninsula Mountain, the Western Area Peninsula Forest (WAPFoR), is part of the Upper Guinea Forest and is one of eight biodiversity hotspots in the country. This landscape is tentatively listed as a World Heritage site.
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On Sierra Leone's west coast, the WA (557 km 2 ) is home to Freetown, the country's capital and largest city (Figure 1 ). Its climate is tropical with two seasons: the wet season from May-October, characterised by monsoonal rains and thunderstorms, followed by the dry season from NovemberApril, with extreme temperatures in March [48] . The forest covering the Freetown Peninsula Mountain, the Western Area Peninsula Forest (WAPFoR), is part of the Upper Guinea Forest and is one of eight biodiversity hotspots in the country. This landscape is tentatively listed as a World Heritage site. [49] . Following the abandonment of agricultural fields in rural areas, fleeing IDPs with agricultural skills arriving in the WA embarked on urban and peri-urban agriculture (UPA) [26, 50, 51] . UPA as defined here includes activities related to food production within or at the edges of urban areas and that provide sustenance for urban dwellers [51] . Its practice was underpinned by a combination of an embargo on the junta regime in 1997 and the "cut-off" of Freetown from its food supply catchment during the war. Other land use practices have also caused widespread degradation within the WAPFoR. These include wood harvesting by IDPs needing firewood and building materials, and house construction by urban [49] . Following the abandonment of agricultural fields in rural areas, fleeing IDPs with agricultural skills arriving in the WA embarked on urban and peri-urban agriculture (UPA) [26, 50, 51] . UPA as defined here includes activities related to food production within or at the edges of urban areas and that provide sustenance for urban dwellers [51] . Its practice was underpinned by a combination of an embargo on the junta regime in 1997 and the "cut-off" of Freetown from its food supply catchment during the war. Other land Remote Sens. 2018, 10, 129 5 of 25 use practices have also caused widespread degradation within the WAPFoR. These include wood harvesting by IDPs needing firewood and building materials, and house construction by urban elites seeking less crowded living environments [10] . These practices have rapidly pushed the city's limits into the Freetown Peninsula Mountain. Whilst earlier work by several authors attempted to examine the effect of population growth on the landscape by examining periods before and after the war, they relied upon bitemporal change detection rather than trajectory analysis [5, 7, 9] . Additionally, nothing is known about the level of landscape fragmentation at both the landscape and land cover class scales. This therefore indicates a need to undertake trajectory analysis and quantify the magnitude of landscape fragmentation at both the landscape and class scales.
Materials and Methods

Remote Sensing Data
Five Landsat images obtained from the GLOVIS website [52] and one SPOT image provided by Welthungerhilfe (WHH) ( Table 1) were chosen for historical and recent landscape change analysis because of Landsat's long temporal record. The spatial resolution of these images makes it possible to identify and map agricultural fields, deforested areas, vegetated zones (old growth and reforested areas), and inhabited places within the landscape. The need for 100% cloud-free and near-date satellite images limited the selected images to the mid-dry season (January-March). In addition to a reduction in phenological effects within the various land cover classes during the dry season, important landscape change activities (land clearing/deforestation, agricultural activities and house construction) occur predominantly during this time of the year. α All bands used except the thermal band (Band 6); β All bands used except the thermal and panchromatic bands (band 6 and 8); * Resolution of the panchromatic band; ** Resolution of the thermal band; *** Image was already stacked.
Ground Truthing Data
Ground truthing exercises between December 2012 and January 2013 used a GPS receiver to generate data for classification training and land cover classification accuracy assessments for the 2011 image. The field data collection exercise was undertaken to ascertain the accuracy and reliability of the assigned land cover classes during image classification. Accuracy assessment of other image dates used the available corresponding or near corresponding ancillary data from Landsat Google Earth Pro images (1976, 1986 & 2003) and high-resolution aerial photographs (2000 & 2007) . One hundred and thirty samples for each land cover class were used for the accuracy assessment, a total of 910 ground truth points for each of the images except the 1976 image where 780 points were used because UPA was not identifiable. Figure 2 outlines the 4-step methodological framework adopted in analysing historical and recent landscape change. Whilst no georeferencing was required because all of the images were already properly aligned, the "georeferencing image mosaicking" technique was used to mosaic the two 2006 SPOT image scenes together. All satellite images except the SPOT image (already Remote Sens. 2018, 10, 129 6 of 25 corrected by WHH) were radiometrically corrected using the Improved Dark Object Subtraction (IDOS) algorithm, removing unwanted materials, including noise and sensor errors [30] . Unlike the Apparent Reflection and the Dark Object Subtraction methods, IDOS accounts for the atmospheric multiplicative transmission component of the image at two stages [53] . First, utilising the maximum and minimum spectral radiance relationships, digital numbers were converted to at-sensor spectral radiance values. Second, to reduce the scene-to-scene image variability, radiance values were converted to surface reflectance [54] . Upscaling and downscaling techniques using nearest neighbour resampling were applied to the original images to match the spatial resolution of SPOT and MSS images to the TM and ETM+ images (30 m) since they constituted the majority of the images [46] . [53] . First, utilising the maximum and minimum spectral radiance relationships, digital numbers were converted to at-sensor spectral radiance values. Second, to reduce the scene-to-scene image variability, radiance values were converted to surface reflectance [54] . Upscaling and downscaling techniques using nearest neighbour resampling were applied to the original images to match the spatial resolution of SPOT and MSS images to the TM and ETM+ images (30 m) since they constituted the majority of the images [46] . Following radiometric correction, all of the images except the 1976 image were classified into seven land cover classes (Table 2 ) using a pixel-based, supervised maximum likelihood classification Following radiometric correction, all of the images except the 1976 image were classified into seven land cover classes (Table 2 ) using a pixel-based, supervised maximum likelihood classification (SMLC) algorithm. Although some recent LULCC research has employed machine learning algorithms to classify satellite images, we used SLMC because it has been successfully applied in studies conducted in comparable environments using similar data [37] . The 1976 satellite image was classified into six land cover classes (Built-up, Protected forest, Other forest, Bare land, Waterbody and Mangrove). Despite resampling the image to 30 m, the seventh land cover class, urban and peri-urban agriculture (UPA), was not easily distinguishable in the 1976 image because of the relatively small spatial extent of urban and peri-urban agricultural fields within the image and the spectral similarities with land cover classes that were nearby.
Image Pre-Processing and Classification
The land cover classes, adapted from Anderson's Level 1 Land Cover Classification Scheme, were chosen because the spatial resolution for all the images but one was relatively coarse. The adoption of Anderson's Level 1 classification scheme made it possible to identify human-induced landscape change activities including UPA, deforestation, and housing construction, but impossible to undertake level 2 or 3 classification [see [55] for details on levels 1, 2 & 3 land cover classification schemes]. A protected forest class enabled us to distinguish between forests with old growth structure and forests that have been disturbed by human activities. Protected areas are protected both through their (relative) inaccessibility as well as their legal demarcation as protected (This protected demarcation was originally declared in 1916 but the lands were first actually gazetted as protected in 1973. A revised, demarcated boundary was approved in 2011, and by 2012, it was renamed the Western Area Peninsula National Park (see [56] )). The six classified satellite images were assessed for accuracy of the assigned land cover classes against the ground truth and ancillary data. An accuracy assessment conducted using an error matrix approach (confusion matrices) generated producer's and user's accuracies, including omission and commission errors (see accuracy assessment results, Table 3 ). Statistical and GIS analysis of classified images, including change detection, constructing LCC trajectories, and calculating landscape fragmentation metrics, described in the following sections, revealed the nature and level of historical and recent changes in the study area's landscape. 
Change Detection: Annual and Transitional Changes
Considerable discussion comparing different change detection techniques exists [57, 58] . In this research, post-classification use of the compound interest derivative Equation (1) [59] provided an overview of the magnitude of landscape change by computing the annual percentage rates of LCC for each class. Post-classification change detection is advantageous since it provides 'from and to' LCC matrix statistics.
In Equation (1), ∆r represents the percentage annual rate of change for each land cover class and lnY 1 and lnY 2 are the natural logarithm of the areal extent of each LCC class for t 1 and t 2 , respectively; ∆t is the time interval (note that t 2 and t 1 are in years).
LCC transition matrices (1976-1986, 1986-2000, 2000-2003, 2003-2006, 2006-2011 and 1976-2011 ) were computed using ArcGIS 10.2. In this research, the term transition matrix means a two-dimensional computation of pixels that changed from one class to another between an earlier (T 1 ) and later (T 2 ) year. Protected forest, other forest and mangrove land cover classes were further generalised into one super-class; "woody vegetation". We have abbreviated this to "vegetation" to provide a less wordy label in the figures. This generalisation allowed a more conceptually concise identification of landscape change processes in the transition matrices. The transition matrices were generalised into nine clusters representing different change processes (no change, abandonment, afforestation, cultivation, deforestation, degradation, recession, tidal waters and urbanisation). Row-wise and column-wise matrix analysis of the nine change processes identified the percentage of change between classes (see the matrix and Equations (2)- (5)). [57, 58] . In this st-classification use of the compound interest derivative Equation (1) [59] provided an f the magnitude of landscape change by computing the annual percentage rates of LCC ss. Post-classification change detection is advantageous since it provides 'from and to' statistics.
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where:
P ij = Percentage area of a given class in T 1 that changed away from that class in T 2 Q ij = Percentage area of a given class in T 1 that changed into another class in T 2 U ij = Areal extent of a land use class at times i and j α ij = Total percentage of change from any other class in T 1 to a given class in T 2 β ij = Total percentage of change from one land class in T 1 to any other class in T 2 ∑C ij = Column total ∑R ij = Row total.
Trajectory Analysis
Trajectory analysis was undertaken using five land cover classes (built-up, bare land, woody vegetation, UPA and waterbody). The overall study period was split into two periods: before and during the war and after the war (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) , to enhance the comparison of LCC processes for the two time-frames (Figure 3) .
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Trajectory analysis was undertaken using five land cover classes (built-up, bare land, woody vegetation, UPA and waterbody). The overall study period was split into two periods: before and during the war and after the war (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) , to enhance the comparison of LCC processes for the two time-frames (Figure 3 ). 
Landscape Fragmentation Analysis
Landscape metrics describing fragmentation levels at two scales (class and landscape) from the pre-to post-war periods were computed using FRAGSTATS 4.2 [60] . Using up-or down-scaled, multi-resolution LULC classifications can induce unwanted artefacts into a landscape fragmentation analysis. Therefore, we excluded the 1976 and 2006 images from this portion of the analysis. Earlier research recommends the use of fragmentation metrics that depict distinct and meaningful fragmentation features rather than utilising metrics that are statistically redundant [3, 41, 44, 61] . Given the complex nature of landscape disaggregation into isolated patches, several scholars have argued that a single parameter is insufficient to describe the trend and magnitude of landscape disaggregation [22, 44, 62] . The selected metrics for this research satisfied two criteria: they measured different parameters of the landscape (i.e., are not statistically redundant) and they are known to have played a significant role in understanding landscape fragmentation from research using data sets similar to those used in this research [44, 45] . The metrics we used include number of patches (NumP), percentage of landscape (PLAND), largest patches index (LPI), landscape shape index (LSI), 
Landscape metrics describing fragmentation levels at two scales (class and landscape) from the pre-to post-war periods were computed using FRAGSTATS 4.2 [60] . Using up-or down-scaled, multi-resolution LULC classifications can induce unwanted artefacts into a landscape fragmentation analysis. Therefore, we excluded the 1976 and 2006 images from this portion of the analysis. Earlier research recommends the use of fragmentation metrics that depict distinct and meaningful fragmentation features rather than utilising metrics that are statistically redundant [3, 41, 44, 61] . Given the complex nature of landscape disaggregation into isolated patches, several scholars have argued that a single parameter is insufficient to describe the trend and magnitude of landscape disaggregation [22, 44, 62] . The selected metrics for this research satisfied two criteria: they measured different parameters of the landscape (i.e., are not statistically redundant) and they are known to have played a significant role in understanding landscape fragmentation from research using data sets similar to those used in this research [44, 45] . The metrics we used include number of patches (NumP), percentage of landscape (PLAND), largest patches index (LPI), landscape shape index (LSI), interspersion and juxtaposition index (IJI), contagion index (CONTAG), and Simpson's and Shannon' Diversity Indices (SDI & SHDI) [see 60 for definition and description of these metrics]. Performing landscape fragmentation analysis at these scales gave insight into the level of landscape disturbance for the two periods (before and during the war versus after the war) for the entire study area.
Results
Accuracy Assessment
Accuracy assessment using the conventional error matrix technique showed the image classification met the recommended 85% accuracy threshold [55] for all images (range: 87.8-96.5%) ( Table 3 ). The 2006 land cover map had the lowest overall accuracy in comparison to the other years. Upscaling the 2006 SPOT image could be responsible for the lower accuracy result of the image. Despite the lower accuracy of the SPOT image in comparison to the other satellite images, it met the 85% accuracy threshold [55] . The least accurate class in the classified SPOT image is UPA, likely due to mixed pixel effects induced by the upscaling. The producer's accuracy figures show that the UPA class in the 1986 image is the least accurately classified land cover class across any image. The low producer's accuracy for the UPA land cover class suggests misclassification of pixels that probably belong to mangrove and built-up land cover classes due to their proximity and mixed-pixel effects. Therefore, information about the UPA class in that year must be treated with caution.
Land Cover Change Patterns (1976-2011)
The graphs (Figure 4 ) illustrate the fraction of the study area occupied by each land cover class and the maps ( 
Land Cover Change Trajectory Analysis
LCC trajectory analysis demonstrated both the magnitude and type of land cover changes. Postconflict LCC trajectory analysis, which investigated the period of post-conflict rebuilding efforts, helped in identifying the most frequently changing land cover classes. In 2011, almost 59% of bare land, 62% of UPA, and 31% of built-up areas were other land covers in 2006 (Table 4) (Figure 7) .
Throughout the study period, gains in the spatial extent of built-up areas were at the cost of UPA and bare land. Woody vegetation (this combines the two forest classes) lost mostly to UPA, bare land, and built-up areas. This is not surprising, because most urban development starts with the clearing of vegetation. Hence, it transitions to bare land before buildings are constructed. Whilst bare land awaits development, urban agriculturists often cultivate on these empty urban spaces. 
LCC trajectory analysis demonstrated both the magnitude and type of land cover changes. Post-conflict LCC trajectory analysis, which investigated the period of post-conflict rebuilding efforts, helped in identifying the most frequently changing land cover classes. In 2011, almost 59% of bare land, 62% of UPA, and 31% of built-up areas were other land covers in 2006 (Table 4) LCC trajectories were categorised into eight change processes and a no-change class, which is shown in white (Figure 8 ). Before and during the war , trajectories for the no-change category included vegetation→vegetation→vegetation (V→V→V: 63.6%; woody vegetation is abbreviated as V) and built-up→built-up→built-up (B→B→B: 2.8%) ( Table 5 ). During the postconflict period (2003-2011), a higher percentage of built-up areas was stable than in the earlier period (B→B→B: 8.5%), but woody vegetation was less stable (V→V→V: 54.2%). Agriculture→ Agriculture→Agriculture (A→A→A) was only analysed for the post-conflict period because UPA was not identifiable on the 1976 Landsat image due to its coarse spatial resolution. Cultivation, the transition of land from any other land cover to UPA, was more common before and during the war than after the war (11.5% and 8.1%, respectively). Urbanisation, abandonment, and degradation recorded moderate increases in the post-conflict period. Figure 8c shows that post-conflict urbanisation occurred mostly along the Waterloo-Wellington axis. Throughout the study period, gains in the spatial extent of built-up areas were at the cost of UPA and bare land. Woody vegetation (this combines the two forest classes) lost mostly to UPA, bare land, and built-up areas. This is not surprising, because most urban development starts with the clearing of vegetation. Hence, it transitions to bare land before buildings are constructed. Whilst bare land awaits development, urban agriculturists often cultivate on these empty urban spaces.
LCC trajectories were categorised into eight change processes and a no-change class, which is shown in white (Figure 8 ). Before and during the war , trajectories for the no-change category included vegetation→vegetation→vegetation (V→V→V: 63.6%; woody vegetation is abbreviated as V) and built-up→built-up→built-up (B→B→B: 2.8%) ( Table 5) . During the post-conflict period (2003-2011), a higher percentage of built-up areas was stable than in the earlier period (B→B→B: 8.5%), but woody vegetation was less stable (V→V→V: 54.2%). Agriculture→Agriculture→Agriculture (A→A→A) was only analysed for the post-conflict period because UPA was not identifiable on the 1976 Landsat image due to its coarse spatial resolution. Cultivation, the transition of land from any other land cover to UPA, was more common before and during the war than after the war (11.5% and 8.1%, respectively). Urbanisation, abandonment, and degradation recorded moderate increases in the post-conflict period. Figure 8c shows that post-conflict urbanisation occurred mostly along the Waterloo-Wellington axis. Figure 9 illustrates the pattern of landscape fragmentation over time . At the landscape scale, the computed metrics provide weak evidence of progressive landscape fragmentation over the whole study period and no evidence that fragmentation levels were markedly different in the post-war period compared with the overall trend. Across the study period, SHDI and SDI increased, while LPI and CONTAG decreased; all expected directions of change when fragmentation is occurring (Figure 9) . Examination of the class-level fragmentation metrics (Figure 10 ) and the maps of land cover (Figure 5) , however, provide more nuanced information than the landscape-level metrics, showing some evidence that aggregation processes are happening in addition to fragmentation processes. For example, PLAND for the built-up class increased throughout the post-war period. NumP for the built-up class, however, decreased indicating aggregation. This is clearly visible on the maps in Figure 5 , where urban infill is occurring. Other class-level fragmentation metrics also support this contention, for example, the largest patch index (LPI) also increased for the built-up class.
Fragmentation Metrics
10) and the maps of land cover (Figure 5 Figure 5 , where urban infill is occurring. Other class-level fragmentation metrics also support this contention, for example, the largest patch index (LPI) also increased for the built-up class.
So, if the built-up class is aggregating, what is causing the overall level of fragmentation to slightly increase, as shown by the landscape-scale metrics? This pattern is driven primarily by the bare land class, which has a fairly flat LPI, a slightly increased NumP, and a slightly increased LSI (Figure 10) . LSI measures the configuration of patches-the density of edges, or in other words the degree to which classes are interspersed with each other. Therefore, when this measure is high (and bare land is among the highest of all the classes), it suggests fragmentation within the landscape. Indeed, inspection of the 2006 and 2011 land cover maps, corroborated with field visits, indicates many patches of bare land, particularly within the urban footprint and fringes. Other forest also provides some contribution to the landscape-level fragmentation. It is occupying a smaller percentage of the available land, and has a substantially lower largest patch index but a fairly flat LSI, suggesting its losses are occurring at the edges rather than the middle of existing areas of other forest. So, if the built-up class is aggregating, what is causing the overall level of fragmentation to slightly increase, as shown by the landscape-scale metrics? This pattern is driven primarily by the bare land class, which has a fairly flat LPI, a slightly increased NumP, and a slightly increased LSI (Figure 10) . LSI measures the configuration of patches-the density of edges, or in other words the degree to which classes are interspersed with each other. Therefore, when this measure is high (and bare land is among the highest of all the classes), it suggests fragmentation within the landscape. Indeed, inspection of the 2006 and 2011 land cover maps, corroborated with field visits, indicates many patches of bare land, particularly within the urban footprint and fringes. Other forest also provides some contribution to the landscape-level fragmentation. It is occupying a smaller percentage of the available land, and has a substantially lower largest patch index but a fairly flat LSI, suggesting its losses are occurring at the edges rather than the middle of existing areas of other forest. 
Discussion
The accelerated rural-urban migration, especially during the civil war and thereafter, has greatly contributed to the transformation of the WA's landscape. A study that strongly recognised the contribution of forced migration (i.e., internal displacement of the population) during Sierra Leone's civil war to WA's landscape change [5] stated that population expansion would not likely have significant impact on the spatial extent of urban areas. Wilson [5] argued that while in certain circumstances there would be recorded population growth, there was a high likelihood that people would tend to concentrate in existing built-up areas. An earlier study by Forkuor and Cofie [9] and Mansaray et al.'s [7] investigation seem to disagree with Wilson's argument: they suggest that forced migration and mass infrastructure development have not only expanded the city limits due to competing demands for land from different stakeholders and that UPA farmers lost their land to higher bidders. Our analysis agrees with Forkuor and Cofie [9] and Mansaray et al.'s [7] research in 
The accelerated rural-urban migration, especially during the civil war and thereafter, has greatly contributed to the transformation of the WA's landscape. A study that strongly recognised the contribution of forced migration (i.e., internal displacement of the population) during Sierra Leone's civil war to WA's landscape change [5] stated that population expansion would not likely have significant impact on the spatial extent of urban areas. Wilson [5] argued that while in certain circumstances there would be recorded population growth, there was a high likelihood that people would tend to concentrate in existing built-up areas. An earlier study by Forkuor and Cofie [9] and Mansaray et al.'s [7] investigation seem to disagree with Wilson's argument: they suggest that forced migration and mass infrastructure development have not only expanded the city limits due to competing demands for land from different stakeholders and that UPA farmers lost their land to higher bidders. Our analysis agrees with Forkuor and Cofie [9] and Mansaray et al.'s [7] research in Sierra Leone, specifically and with previous research on the impact of civil wars/conflicts on LCC in other locations [2, 6, 17] . Our results suggest that the accelerated rural-urban migration that occurred during the war has shaped the region's landscape, which is somewhat more fragmented now compared with before the war. LCC and landscape fragmentation in the region is due to land cover conversion to built-up environments and over-exploitation of forest resources from livelihood initiatives, such as wood harvesting, agricultural activities, and charcoal burning. While Wilson [5] and Mansaray et al. [7] focused their investigations on metropolitan Freetown, we extended their work into adjacent areas in the WARDC.
We hypothesized that rural-urban migration and the reluctance of some IDPs who fled to the WA during the civil war to return to their rural homes would cause increased landscape fragmentation and a faster rate of LCC. We found weak evidence to support this hypothesis. However, our findings provide additional support for Li et al.'s [37] and Reddy et al.'s [63] argument that accelerated urbanisation in developing countries expedites forest conversion. Spatio-temporal trend analysis from 1976 to 2011 shows that the WA has a very dynamic landscape, with a decline in forest cover and an increase in built-up, bare land, and UPA land covers. The changes in the WA landscape, including the 241% urban expansion (2342.0 ha), 47% growth in UPA (2322.0 ha) and 54% decline in forest (37% for other forest (3277.5 ha) and 17% for protected forest (625.7 ha)) can be explained in part by the increase in population described in Section 3 [26] . The net loss of forest cover, which appears to be minor in comparison to the rate of urban expansion, should not be ignored because since the declaration of peace in 2002, reconstruction and livelihood rebuilding efforts have taken centre stage in Sierra Leone. The increase in bare land and the decrease in forest covers is the outcome of deforestation driven by an increase in demand for fuel wood, charcoal and construction materials, and land for housing development and agricultural activities. As one of Sierra Leone's most urbanised regions, the dollarization of house rents has had substantial influence upon the swiftly rising increase in land prices [24] . The increase in land price influences the conversion of forest into bare land and bare land to built-up land through a process of illegal land possession described by Gbanie et al. [24] as land grabbing.
The increase in protected forest (25%) between 1976 and 1986 and its continuous decline thereafter is slightly higher than Forkuor and Cofie's [9] estimates, which showed a growth of 18% between 1974 and 1986 for evergreen forest. Although Forkuor and Cofie [9] did not explain what constituted evergreen forest in their analysis, this class' spatial location coincides with areas covered by this research's protected forest class ( Figure 5 ) and which we defined as reserved and protected forest areas (see Table 2 ). The observed differences can be partially explained by the somewhat different image dates, our up-sampling of pixels from 60 m to 30 m in the 1976 image, and perhaps differences in land cover classification accuracy. Like Wilson [5] , this study demonstrated a steady nibbling away of the protected forest by other forest (Figure 5 ). This situation, known as 'edge influence,' is a result of deforestation at the urban-bush interface.
The observed expansion in UPA from 4940 to 7282 ha (1986-2011) can be explained by the IDPs and low-income urban dwellers with agricultural skills practicing UPA, both as a livelihood coping mechanism and to provide some degree of food security [5, 51] . While UPA can be traced back to pre-independence Sierra Leone in the mountain villages of Gloucester and Leicester [50] , it became widespread during the war, thus gaining policy attention after the war [26, 51] These results agree with those of previous studies that have concluded that agricultural expansion, infrastructure development, and wood extraction are proximate drivers of LCC that are inextricably linked together [1, 64, 65] . This pattern has also been found by other studies that have examined the effect of civil war on the environment, like those in the South Sudan-Uganda border region and north Darfur, Sudan [2, 17] . Our findings are consistent with other conflict-environment relationship research, which found deforestation through forest-based livelihood activities (fuel wood, charcoal) and informal settlement by IDP residents were major drivers of landscape change at the urban-bush interface [4, 20] .
The noticeable concentration of UPA activities at the urban fringes and in open spaces within the WA both during and after the war is also a pattern that is congruent with that found in earlier work [9, 66] . There are several possible explanations for the observed pattern. The fear of being kidnapped by the fighting forces during the war, as was found in Marrupa and Mandimba districts, Mozambique, might be one cause [66] . In Sierra Leone, during the course of the conflict, the rebels used dense forest as a shield to avoid being noticed by flying helicopter gunships, thus venturing beyond the fringes of urban areas may have put local populations at greater risk. Another possible explanation for this trend in our study area is the easier access to forest edge areas of the WAPFoR, since they are at relatively low elevations compared to the inner forest, which is at higher elevation.
Overall, CONTAG, which measures the spatial aggregation of patches, decreased throughout the study period ( Figure 9 ). Values near zero indicate maximal disaggregation and interspersion, i.e., fragmentation [60] . Although there was a general decline in CONTAG over the study period, the decline became more prominent between 2000 and 2003, a period that coincided with the start of the post-conflict reconstruction. The levelling off of CONTAG, between 2003 and 2011 supports the assertion that fragmented patches, such as the urban class, were aggregating. Moreover, the continuous and almost linear increases in Shannon's and Simpson's Diversity indices indicate landscape fragmentation. The trend further confirms that the WA landscape witnessed some level of fragmentation over the whole study period.
At the land class scale, the alternating increase and decrease in NumP over time for the UPA class illustrates the fusing of individual patches of a land cover class with each other. For instance, it could be inferred that a decline in NumP could represent the merging of either isolated agricultural fields or the replacement of such fields by the sprawling urban environment. Kabba and Li [45] showed a similar landscape fragmentation pattern in Wuhan, China that was indicative of urban structures (housing development and road network) replacing agricultural fields. The decline in NumP for UPA is expected, as one major problem with UPA activities in the WA is insecure land tenure [50, 51] . In an insecure land tenure system, it is common for land title deed holders to eject UPA farmers who cultivate on rented urban land parcels for housing development. This perhaps explains the decline in UPA in 2011 ( Figure 5) .
The PLAND and LPI metrics for both forest classes reveal a substantial loss of the WA's natural habitat, especially in the last ten years of the study period. The dominance of built-up areas, represented by the increase in LPI and PLAND figures, is a result of the elimination of other land cover classes like UPA, waterbody, and bare land within the urban footprint. Such transitions lead to greater connectivity between isolated urban patches, aggregating and connecting them with other urban patches [45] . The decrease in the LPI and PLAND metrics for forest cover is not surprising because bare land and UPA increased at the expense of natural vegetation (Figure 8) . Results from the two dominance indices (LPI and PLAND) at the class level are congruent with Dewan et al.'s [44] argument that a positive correlation exists between increased human activities and dominance indices. The fragmentation and aggregation indices also support earlier research, which hypothesised that an increase in fragmentation will happen in areas of human habitation because of uncontrolled exploitation of forest resources, especially in settlements triggered by war [11] .
As argued in Section 2.2, increased landscape fragmentation reduces the aesthetic value and habitat quality of landscapes by distorting the structure of the patch size and shape [61] . Given such impacts, results from fragmentation analysis in the study area raise questions about the environmental implications of these findings, which is the focus of the next section.
Environmental Implications of Findings
The documented landscape change presented here, especially after the war, is not surprising given that reconstruction and livelihood recovery efforts are major challenges of post-conflict societies [24, 26] . This is because these processes require the use of natural resources, especially for agriculture-based economies like Sierra Leone's. Yet, these changes may have many negative environmental consequences both in the short and long term. Although it might seem to be a minor issue in the context of civil war and post-conflict rebuilding efforts, the landscape changes we observed from historical land cover change analysis have not only changed the aesthetic and touristic characteristics of the WA landscape but increased the likelihood of environmental hazards including landslides, erosion, and flooding. The flooding on 15 September 2015 and the landslide and flooding that occurred on 14 August 2017 are evidence of the negative effects of environmental change in the WA's landscape [67] . Unlike the 2015 Freetown flood event, which caused minimal damage but killed at least 12 people, the physical damage from the 2017 landslide and flooding has been substantial; estimated to be USD 30 million [68] . A rapid damage and loss assessment of the August 2017 flooding by The World Bank [68] linked the 6 km-long landslide at Mount Sugar Loaf in Regent Village, WARDC to the unplanned urban sprawl into the mountain ranges.
In addition to the impacts from flooding and landslides, growth in built-up environments at the expense of cultivable land has the potential to compromise vegetable production efforts in the mountain villages of Regent, Leicester and Gloucester. As these villages are the primary source of fresh vegetables in Freetown, this may lead to negative health impacts among Freetown residents. The anticipated reduction in food production efforts can be attributed to the competing demands for land between urban development and UPA activities, as already highlighted by other scholars [26, 50] .
Continued landscape change also has ecological implications. Apart from being home to the only chimpanzee sanctuary in the country, WAPFoR is home to 316 bird species, with the Green-tailed Bristlebill and White-breasted Rock fowl (Picathartes Gymnocephalus) classed as endangered species. Additionally, of the 200-plant species in the WA forest, 74 of them and one genus are endemic. Since fragmentation reduces connectivity in a landscape by disaggregating the land cover, current landscape changes will further endanger already endangered flora and fauna. This means animals that are often illegally harvested for bush meat, including the Red Colobus Monkeys, Black-and-White Colobus Monkeys, Sooty Mangabeys and Diana Monkeys, Leopards, Jentink's Duikers, Black Duikers and Maxwell Duikers are under threat. Moreover, proximity of human populations to forest edges is likely to lead to increased fuel wood extraction and bush meat harvesting, putting further pressure on threatened species.
Conclusions
Our research was designed to monitor the rate of LCC, trajectory trends, and the extent of landscape fragmentation in the WA of Sierra Leone using satellite images from 1976 to 2011. Our investigations showed that Sierra Leone's conflict in the 1990's triggered large changes in the WA's landscape, exemplified by the trajectory trends and fragmentation metrics, changes in the annual LCC statistics, and land cover transition patterns. More than 30% of pixels underwent at least one land cover transition during the study period. Our findings from the landscape fragmentation and LCC trajectory analysis in Section 5 provided some evidence to support the hypothesis that rural-urban migration, including the 'staying on' of IDPs at the conflict's end led to increased landscape fragmentation and accelerated LCC trajectories. An important finding to emerge from this research is that fragmentation increased in conjunction with increased built-up area (+241%) and declining forest cover (−54%). An implication of the competing demands for land from UPA farmers and for infrastructure development is the possibility of a decline in urban food production efforts, an activity that made the WA food secure, particularly during the war.
The analysis of LCC trajectories and landscape fragmentation both at the class and landscape levels undertaken here has extended our understanding of LULCC in the WA [5, 7, 9] and that of previous research on the impact of conflict on the environment [2, [11] [12] [13] [14] [15] . Our research provides the first detailed assessment of the extent and magnitude of landscape fragmentation and trajectory trends in the WA, findings that are useful to conservation planning and management efforts for WAPFoR. The evidence of a continued nibbling away of protected forest provides compelling evidence that Sierra Leone's current land use planning interventions have proven to be ineffective in protecting the WAPFoR. The ineffectiveness of current land use policy and planning interventions could be linked to several issues of forest and resource governance in the country including: (1) fragmentation of land resource management responsibilities among several ministries, department and agencies (Ministry of Lands Country Planning and the Environment, Environmental Protection Agency, Ministry of Agriculture Forestry and Food Security and Ministry of Mines and Mineral Resources); (2) the lack of a comprehensive land use plan; and (3) inadequate policies that address land resource management issues at regional levels, given that two different land tenure arrangements govern land administration in the country.
An interesting extension of this study would be a comparative investigation into landscape fragmentation and LCC trajectories trends in an environment that has not experienced conflict but has recorded increased population from rural-urban migration using comparable data sets. Analysis of trajectory trends at the core and periphery levels of the study area could perhaps provide a different perspective. This would help to identify whether conflict indeed plays a unique role in landscape change, or whether the increase in population remains the main driving force. Additionally, further investigations that explore the relationships between landscape change metrics and socio-economic and demographic variables to further enhance our understanding of WA's landscape change are strongly recommended. These variables might include but are not limited to, population growth, per-capita GDP, and gross agricultural output. Such studies will help to identify the role of socio-economic processes, if any, in contributing to increased landscape fragmentation or aggregation.
